Purpose: This paper specifies the basic concepts of DM along with the use of DM in the quality production. It lists the objectives, tasks and application areas of DM. It highlights the diversity of classification tasks of DM. It analyses data while using software systems for real DM projects. It shows the results of the survey of Gregory Piatetsky-Shapiro in 2009 and 2014. Furthermore, the article points out the current process of increasing the value of enterprise information system with innovative DM applications and appointed obstacles on this path. IT proposes ways to overcome these barriers. It analyses the use of DM in the quality of production in the world. Special tools are devoted to the use of DM in meeting of the challenges of production quality in the manufacturing sector. It provides software systems that are currently used in production quality.
INTRODUCTION "In the last years, everybody started to use all means for processing digital data while creating databases with the continuous effort to increase the efficiency and profitability of business and a by-product of this activity appeared -mountains of collected data. More and more a view is spread that these mountains are full of gold"
.
In the past, the process of gold mining in the mining industry consisted of sieving selected soil with a large number of repetitions. Sometimes gold digger found some valuable nuggets or could come across gold-bearing vein, but in most cases they found nothing at all and moved on to other promising place or stopped this activity which they considered a waste of time.
Currently, new scientific methods and specialized instruments appeared that make the mining industry more accurate and efficient. Data mining (analogy as "choosing valuable nuggets from a big pile of dirt") has developed almost in the same way. Older methods of mathematics and statistics have been too timeconsuming to be able to offer constructive and useful information quickly.
Today the market offers a lot of tools (software systems), including various methods that make the data mining lucrative and more affordable for most businesses.
Popularity of data mining can be proven by the fact that the result of searching the expression "data mining" in the search engine Google (August 2014) -was more than 144 million pages.
Basic concepts and definitions KDD
Notions: The term "data mining" arose from two terms: searching valuable information in a large database (data) and extraction of ore, which we consider to be valuable (mining). Both processes require either sifting vast amounts of raw materials or rational research or targeted searching of valuables.
First terms of data mining are: information harvesting, data archaeology, data distillery (Berka, 2003:8) . The term "data mining" is currently also used under other names. It is often translated as data mining, information extraction, digging into data, intellectual analysis of data, tools for searching patterns in data, knowledge extraction, analysis of templates, "grains of knowledge extraction from the mountains of data," trenching knowledge in databases, Information digging into data, "cleansing" data.
Notion "data mining", which appeared in 1978 (Kittler, 1978) , gained great popularity in its current perception first during the mid of 90's. In the meantime, processing and analysis of data was carried out within applied statistics and mainly small databases were processed (Chubukova, 2006) .
Definitions:
There are numerous definitions of data mining, almost as many as the authors who have written about it. Data Mining is multidisciplinary in nature (machine learning, informatics, statistics, artificial intelligence, enterprise information systems) and therefore definitions vary by the field of action of the author. Computer experts usually look at data mining as a precisely defined part of the process of Knowledge Discovery in Databases (KDD), while many statisticians use data mining as a synonym for the entire process of KDD. Here are some of them:
"Knowledge discovery is a knowledge-intensive task consisting of complex interactions, protracted over time, between a human and a (large) database, possibly supported by a heterogeneous suite of tools" (Brachman and Anand, 1996) . "Knowledge Dicovery in Databases, KDD is non-trivial process of identifying valid, novel, potentially useful and ultimately understandable patterns from data" (Fayyad, et al., 1996) . "Data Mining is the analysis of (often large) observational data sets to find unsuspected relationships and summarize data in novel ways that are both understandable and useful to the data owner" (Hand, et al., 2001) . "Data Mining is used to discover patterns and relationships in data, with an emphasis on large observational data bases. It sits at the common frontiers of several fields including Data Base Management, Artificial Intelligence, Machine Learning, Pattern Recognition, and Data Visualization" (Friedman, 1998) .
"Data Mining is a step in the KDD process consisting of particular data mining algorithms that, under some acceptable computational efficiency limitations, produce a particular enumeration of patterns" (Fayyad, et al., 1996) . "Data Mining is a folklore term which indicates application, under human control, of low-level data mining methods. Large scale automated search and interpretation of discovered regularities belong to KDD, but are typically not considered part of data mining" (Kloesgen and Zytkow, 1996) .
In the Czech Republic and Slovakia, we encounter these terms for data mining as e.g.:
"Dobývání znalostí z databází" (Berka, 2003) , "Data mining" (Turčínek, et al., 2013) , "Hĺbková analýza údajov" (Terek, 2009) , "Objavovanie znalostí v databázach" (Paralič, 2003) , "Získavanie poznatkov z databáz" (Janošcová & Jurišová, 2012 ).
An interesting definition of data mining, which Professor Terek (EU Bratislava) agrees to, is: "Data mining is a process of discovering various models, summaries and derived values from a given collection of data" (Kantardzic, 2003) .
Currently DM may not be focused only on the database as we know them. Ordinary applications are DM in text files or on the web. Real DM applications based on multimedia content will be added soon. Data Mining has to follow developments in the field of data organization. Therefore, we incline to the notion which operate with the term "data".
Term "acquisition of knowledge from databases" (Knowledge Discovery in Databases, KDD) can now be regarded as a synonym of Data Mining (DM) (Chubukova, 2006) .
RESEARCH METHODOLOGY
Paper uses examination of the concept of data mining in relation to computer aided production quality. It provides an overview of trends and frequency of the use of software DM tools. The article is descriptive, the conclusion is trying to appoint barriers to the implementation of innovative applications into ERP and propose solutions.
Outcomes and findings of this article may be useful for:
• top managers of enterprises,
• directors of business informatics,
• Quality Managers,
• teaching at universities.
This article results and conclusions may be useful in:
• basic orientation in the conceptual field of data mining,
• learning a varied selection of computer support for data mining tasks, the distribution between free and commercial systems,
• understanding of the interconnectedness of data mining and business information systems, • learning the current state of computer aided tools used in data mining in production quality.
Goals, tasks and application areas of DM
Goals of data mining: According to M. Kantardzic (2011:2) , the data mining follows mostly one of the following aims:
• prediction -use variables to predict unknown values of other variables,
• description -looking for patterns which describe the data and which can be interpreted in collaboration with subject area experts, According to the pursued objective, we divide data mining activities into one of these categories:
• predictive data mining (provides a model system described by a given set of data), • descriptive data mining (providing new information based on a given set of data used for understanding of the researched system through the discovery of patterns and relationships), • searching nuggets (provides new, surprising knowledge, which do not cover the concept (Berka, 2003:19) .
Data Mining Tasks:
Implementation of stated objectives (prediction and description) leads to the solution of these tasks of data mining (Kantardzic, 2011, p. 3):
• classification -the discovery of a predictive learning function that classifies cases into one of several predefined classes (for categorical data), • regression -the discovery of a predictive learning function that assigns any realistic value predicted (target) variable (for numeric data), • clustering -the descriptive which lies in finding the final set of clusters of cases • summary -the descriptive task which is to find a compact description of a set or subset of cases, • dependence modelling -finding a local model that describes significant dependencies between variables or values of a character in the entire set of data or in part,
• detection of changes and deviations -the discovery of significant changes in the set data.
M. Terek (2010:15-16 ) points to differences in the classification task of data mining by different authors. For example, D. T. Larose (2011:11-17) lists the following types of tasks: description, estimation, prediction, classification, clustering and association.
Application areas: As the J. Horáková, J. Kelemen et al. (2007: 26) state solving data mining tasks can be found in many application areas, such as:
• segmentation and classification of clients banks, insurance companies,
• prediction of share price performance,
• prediction of electricity consumption,
• analysis of causes of breakdowns in telecommunication networks,
• analysis of reasons for change of provider for some services,
• determination of the causes of deterioration of cars,
• analysis of a database of patients in hospital,
• analysis of shopping basket, and so on.
Tasks of data mining can be classified according to the example and factual focus of the study. M. Terek (2009:22) stated according to this criterion the most frequent tasks of data mining:
1) Analysing profiles. Analysis of profiles includes demographic factors (age, sex, marital status, etc.) and other variables, the needs of the company (the length of the relationship, the level of risk, average sales etc.). Profiles are useful when being applied within the segments of the population.
2) Customer segmentation of the organization can be realized by cluster analysis. The aim is to know well and understand current customers.
3) Modelling the response -the objective is to predict who will respond to the product offering.
4) Modelling risk.
The aim is to predict the probability that, for example, bank customers will be able to meet repayment schedules or customer of the insurance company becomes insured event. This group may be included as models for the detection of fraud.
5) Modelling activation is used for the production of models that are used to predict whether a customer is becoming a full customer. It is used mainly in financial services. 
7)
Modelling outflow customer has the task to detect customers who are about to go to the competition. The aim is to identify customer behaviour, which leads to a reduction if the termination of the use of company products and the company can make the necessary arrangements in the right time.
8) Modelling net present value (Net Present Value) is designed to create models to predict the profitability of the product within the specified period.
9) Modelling value during the period of existence (Life Time Value) aims to develop models to predict the overall profitability of the customer for a predetermined period.
This list is extended every day. There were, for example, the application of macro-economic area (Bordoni and Spadaro, 2003) and other application areas are just waiting for larger extension (for example, quality production, public administration, education, ...).
Computer Aided of DM
At the beginning of the 90's of last century there were about ten suppliers at the market of Data Mining. In the mid90's there were already over 50 companies.
Currently there are more than 400 companies with a focus on creating tools for data mining on the market, as well as complex introduction of the data mining, OLAP and data warehousing. Data mining tools can be regarded as an integral part of BI-platform in many cases which also includes tools for building data warehouses and data marketplaces, tools for processing of unexpected questions (Question ad-hoc), means of messages tools (reporting) and OLAP.
On the Figure 1 there are businesses that focus on data mining. In 2009, the survey involved 364 respondents. They reported 29 software systems for data mining. Free tools are highlighted in red (Weka, RapidMiner, R, Orange, KNIME, C4.5 / C5.0). The commercial system SPSS PASW Modeler (older name Clementine) was in the first place and only one free tool was among the top five tools (RapidMiner).
The situation gradually changed and in 2014 when 3285 respondents indicated up to 62 tools for data mining. We see a huge emergence of free systems, which included two commercial systems (SQL and Excel). Universities, which focus on teaching courses on Data mining should consider which software system will be used for their students to be prepared best for practice. Anyway, graduates must be excellent at Excel, as a commercial tool no. 1.
Applying of DM in enterprises
Data mining is strongly linked with enterprise information systems. Data mining tools are a part of them (SAP, Oracle) or they work well together (SAS, STATISTICA). In the 1990's and at present the information systems are expected to influence essentially the key processes of enterprise activities and their modifications and creation of new business opportunities. It is a question of so-called innovation applications that may have indirect benefits, rather difficult to calculate. The innovation value of information systems and information technology lies above all in the support of market expansion (e.g. by modelling, or predicting new requirements of customers) as well as in the creation of a competitive advantage e.g. by adding the product value via special Internet services. In connection with the innovation applications mentioned above and values of the information systems and EIS in particular, they reach strategic significance as a factor of creating the competitive advantage for enterprises and firms in Slovakia and abroad.
While within the last twenty years, the idea had been applied that the information strategy of enterprises had to be connected with the global corporate strategy, at the present time it is quite evident that this relationship has been surpassed. Successful foreign companies insist on integration (not a link) between the general strategy of enterprises and information strategy in order to facilitate the implementation of new accessible opportunities for enterprises based on the application of high-quality information and knowledge provided by standard information systems, and EIS in particular, as well as modem information technology. Within EIS the new software tools are extensively used, as Data Warehouse (DW), On-Line Analytical Processing (OLAP), and so-called Data Mining (DM). These new software tools facilitate the application of various ad hoc inquiries unspecified in advance, which are formulated according to current needs as viewed by managers and other users of enterprises. They represent a new, higher level of corporate analyses and provide the possibilities of achieving valuable information and knowledge for processing the corporate strategies of high quality. In this way, the EIS may become a strategic factor assuring the high competitiveness of enterprises in the market which is increasingly exposed to the new economic changes and pressures.
To build up or to complete the building of information infrastructure appears to be another important requirement of rapid implementation and effective application of EIS, which has not been met by our enterprises so far. Therefore, before implementing of EIS, it is required to create the completed basic information infrastructure -a complex and reliable corporate information system of ERP type, including the SCM and CRM parts. The EIS requires reliable data from all areas of enterprise activity. Ultimately, it should be emphasized that the most important factor is related to the human resource -to managers. It is not sufficient only to gather information, but it is equally important to select the most important information, to interpret the acquired information correctly, and then to carry out necessary and efficient measures. Harding, J. A. et al. (2006:970-976) demonstrates the relevancy of data mining to manufacturing industry. He also points to areas of application of data mining in production quality as: in production processes, operations, fault detection, maintenance, decision support, product quality improvement, customer relationship management, in future manufacturing, planning and shop floor control.
T. Pyzdek, SPC expert, states about the data mining this: "Data-mining techniques tend to be more advanced than simple SPC tools. Online analytic processing and data mining complement one another. Online analytic processing is a presentation tool that facilitates ad hoc knowledge discovery, usually from large databases" (Pyzdek, 2013) .
Possibilities of using DM in quality production
The quality of production is an integral part of every company. Innovations in DM deployment to enterprise information systems sooner or later affect quality management at all levels of governance.
We will attempt to assign the possible use of DM tasks using the classification by M. Terek (2010:16 -17) in quality production.
Table 1 -Possibilities of using data mining tasks in quality production

No. Tasks of data mining
Possibility of use in quality production
Analysing profiles
A Thorough analysis of profiles of current and potential customers of the company is often useful in targeting marketing campaigns and new product development. It is possible to be used in quality planning and designing experiments.
Customer segmentation of the organization
Analysis application profiles to customer segments. Gaining organization effective tool for the evaluation of marketing actions, or risk management. Risk can be determined according to customer segments and is thus much more focused.
Modelling the response
This may lead to a reduction in spending on marketing campaign, increase of its effectiveness, ie the satisfaction we should focus which customers in selecting quality attributes the product.
Modelling risk
Risk modelling is used in sectors where organizations adopt certain risk of losses in its product offering, for example. Banking and insurance. In the production quality, it can be risk analysis (FMEA), management Total Productive Maintenance.
Modelling activation
For more precisely detection customer loyalty. G. Köksal analysed the use of DM tasks for each quality task. In (2011, s. 13455) he analysed how selected quality tasks are provided on DM applications in the manufacturing industry. The considered quality tasks are: product/process quality description, predicting quality, classification of quality, and parameter optimisation.
Figure 4 -Number of times DM functions are used for quality tasks in the
application studies (Köksal, 2011) He indicates the following:
• prediction -it is the most commonly used (44%),
• classification -it is the second most commonly (25%) used DM function, and it is typically used (86%) for classification in quality classes. It is rarely considered for description of quality (8%), predicting quality (4%), and for parameter optimisation (1%), • clustering -it is used in 15% of all of the used DM functions, and it is commonly used for quality description (37%) and predicting quality (39%). It is used less for classification of quality (22%). Besides, there is only one study (2%) that utilises the clustering function for parameter optimisation, • optimisation -it is only used in performing the quality task parameter optimisation (finding optimal levels of process/product parameters that consistently yield target quality), • association -it is the most rarely used DM function (1%) compared to the others, and this is used for both description and classification of quality.
Computer aided DM in quality production
The same author has analysed the use of software systems in the area of quality production. In Table 2 are shown different computational tools. They have been used with various purposes in mining quality data. These include spreadsheets, databases, statistical software, DM software, special purpose software, and highlevel languages. Köksal, G. et al. (2011, s. 13462) Abbreviations: EDM-electrical discharge machining, ANN-artificial neural network, DMdata mining, MLR-multiple linear regression, GLZ-generalized linear model, NLR-nonlinear regression, ANOVA-analysis of variance, PCA-principal components analysis, FDSS- 
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The software systems, which are described in the literature such as data mining tools and are used in the quality production, are mostly commercial systems.
Among various computational tools used in the reviewed applications MINITAB™, SAS™, SPSS™ and STATISTICA™ were preferred as known statistical software packages for statistical-based methods. Similarly, well known spreadsheet-applications (Excel™) and database management systems (MS ACCESS™, ORACLE™) were utilised for data handling.
The other studies mostly preferred the general purpose software MATLAB™, high level languages such as C/C++.
CONCLUSION
In the article we have tried to explain the basic concepts of DM along with the possibilities of exploitation of DM in quality production. We presented software systems DM and frequency of their use in solving real DM projects. Especially we looked at using tools of DM in solving the tasks of production quality in the manufacturing sector.
In the introduction article highlights the fact that today's time is the time of DM. The reason is that we have too much data and far too little knowledge. Next, we describe the basic concepts and definitions of DM where we presented two different views of DM: Management -informatics and mathematical -statistical. Currently, the two terms of data mining (DM) and Knowledge Discovery in Databases (KDD) are used as synonyms.
We mentioned objectives, tasks and application areas of DM. We emphasized the diversity of DM classification tasks referred to in the scientific literature.
We analysed data on the use of software systems for real DM projects. We used annual surveys Gregory Piatetsky-Shapiro on his website Kdnuggets. To illustrate, we processed the two results of margin six years, from 2009 and 2014. We found that the increasing trend of usage of free tools such as Rapid Miner, R, Weka, KNIME. It is interesting that there is an decrease of usage of a very popular tool Clementine from 33% (2009) to 6% (2014).
In applying of DM in enterprises, we point to current process of increasing the value of enterprise information system with innovative DM applications especially in the EIS. Thus, EIS achieves strategic importance for the enterprise and creates competitive advantage. In our opinion, barriers on this path may be: 1) lack of experienced and qualified knowledge managers who are able to obtain and especially correctly interpret the knowledge gained in close collaboration with database experts and application experts, 2) missing, incomplete or incompatible information infrastructure, unmanaged processes of business informatics, absent or incomplete data warehousing and data market places, 3) technical training requirements to successfully implement on a DM study, 4) high costs of software.
There are some proposed options to overcome these obstacles: cooperation with universities in the area of dual forms of education, investment in education of knowledge workers, implementation, maintenance and improvement processes of business informatics high quality management of data, use of free tools such as RapidMiner, R, Weka).
We found out that the use of DM in the quality of production is not new in the world. The first reports on the deployment are from the mid-90's. Most applications in enterprises are focusing on metallurgy, computer electronics, and mechanical engineering. Most of them are used to predict the quality (when output quality is a real valued variable) and quality classifications (classifying a quality characteristic of interest for nominal, ordinal or binary outputs, such as defects).
In addition to these areas, we can predict an increase in the use of information security, which is a part of the Integrated Quality Management Systems.
There is a generally accepted assumption that wherever there is available a database, can be used DM methods and models.
When examining deployment of computer-aided tools DM we observed significant advantages for commercial tools (SAS / EM ™, SPSS Modeler ™, STATISTICA ™) on production quality. The most commonly used methods for these instruments are: artificial neural network, decision trees, and genetic algorithm. The difference in use (cf. Figure 3) is caused by narrow area of investigation in the "Deployment DM in manufacturing industry" (Table 2) . Research does not distinguish what type of company uses what type of tools for DM. We assume that these tools are used by leaders in the field of industry.
The situation in Slovakia is not mapped in detail, yet. We assume that small and medium enterprises use software tools for solving a DM production quality only very sporadically.
This would mean to do similar research in this area. Enterprises do not have to wait if they want to capture this trend and contribute to building a knowledge economy.
